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Description
BACKGROUND

[0001] The present disclosure relates to an artificial
neural network calculation method and device based on
parameter quantization, and particularly to an artificial
neural network calculation method and device based on
parameter quantization using hysteresis to reduce an
artificial neural network.

[0002] Description to be given below is merely for the
purpose of providing background information related to
embodiments of the present disclosure, and does not
necessarily constitute the conventional technology.
[0003] Artificial neural networks are being applied to
various fields and are showing good performance. For
higher performance, the sizes of the artificial neural net-
works continuously increase, and accordingly, the power
consumed fortraining and inference is greatly increasing.
[0004] Recently, deep learning-based applications
have been run on various mobile platforms, such as
smartphones, and model quantization is also being ap-
plied to high-performance servers to reduce power con-
sumption and hardware implementation costs during
training. The model quantization technique is one of
lightweight techniques for deep learning models.

[0005] Model quantization may greatly reduce power
consumption by reducing a memory size required for
operating an artificial neural network and simplifying
calculators required for multiplication, addition, and so
on, but there is a disadvantage in that the performance
decreases more and more each time the precision is
reduced.

[0006] Meanwhile, the existing model quantization
technique focuses on minimizing an error through the
round to nearest method when each parameter of an
artificial neural network is quantized.

[0007] However,inthe conventionaltechnique, whena
parameter value is large based on a rounding boundary,
the parameter value is raised, and when the parameter
value is small, the parameter value is lowered, and as a
result, the rounding boundary is varied by a very small
change in the parameter value, and a quantization result
is greatly varied. Limitation is one of main factors in the
performance degradation that occur in a round to near-
est-based quantized model.

[0008] Accordingly, a stable parameter quantization
technology that may be well adapted to a change in
parameter value is required.

[0009] Meanwhile, the conventional art described
above is technical information that the inventor has for
deriving the present disclosure or obtained in the process
of deriving the present disclosure and may not necessa-
rily be said to be known art disclosed to the public before
the present disclosure is filed.
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SUMMARY

[0010] An object of the present disclosure is to provide
an artificial neural network calculation method and device
based on parameter quantization using hysteresis.
[0011] Another object of the present disclosure is to
provide a stable parameter quantization technique that
may be effectively adapted to a change in parameter
value and a lightweight artificial neural network method
using the same.

[0012] Objects of the presentdisclosure are not limited
to the object described above, and other objects and
advantages of the present disclosure that are not de-
scribed above may be understood through the following
description and will be more clearly understood through
embodiments of the present disclosure. Also, it will also
be appreciated that objects and advantages of the pre-
sent disclosure may be implemented by means and
combinations thereof as set forth in the claims.

[0013] According to an aspect of the present disclo-
sure, an artificial neural network calculation method
based on parameter quantization, which is performed
by an artificial neural network calculation device including
a processor, includes a first step of determining a para-
meter gradient of a parameter based on a first quantiza-
tion parameter value of the parameter of the artificial
neural network, a second step of determining a second
original parameter value of the parameter based on a first
original parameter value associated with the parameter
gradientand the first quantization parameter value, and a
third step of determining a second quantization para-
meter value associated with the second original para-
meter value based on a result of comparing the first
quantization parameter value with the second original
parameter value.

[0014] According to another aspect of the present dis-
closure, an artificial neural network calculation device
based on parameter quantization includes a memory
storing atleast one instruction, and a processor, wherein,
when the at least one instruction is executed by the
processor, the at least one instruction causes the pro-
cessor to perform a first operation of determining a para-
meter gradient of a parameter based on a first quantiza-
tion parameter value of the parameter of the artificial
neural network, a second operation of determining a
second original parameter value of the parameter based
on a first original parameter value associated with the
parameter gradient and the first quantization parameter
value, and a third operation of determining a second
quantization parameter value associated with the second
original parameter value based on a result of comparing
the first quantization parameter value with the second
original parameter value.

[0015] Other aspects, features, and advantages in
addition to the description given above will become ap-
parent from the following drawings, claims, and detailed
description of the invention.

[0016] According to the embodiment, hysteresis may
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be applied to parameter quantization, and thereby, varia-
bility may be reduced, and each parameter may be
trained more stably.

[0017] According to the embodiment, the performance
of a quantization model is increased, and thus, deep
learning technology at a level equivalent to a level of
an original model based on high-precision parameters
may be implemented with lower power consumption and
smaller hardware.

[0018] Effects of the present disclosure are not limited
to the described effects, and other effects not described
will be clearly understood by those skilled in the art from
the above description.

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] Embodiments of the inventive concept will be
more clearly understood from the following detailed de-
scription taken in conjunction with the accompanying
drawings in which:

FIG. 1 illustrates an example of parameter quantiza-
tion using round to nearest;

FIG. 2 is a diagram illustrating quantization using
hysteresis in artificial neural network calculation ac-
cording to an embodiment;

FIG. 3 is a block diagram of an artificial neural net-
work calculation device according to an embodi-
ment;

FIG. 4 is a flowchart of an artificial neural network
calculation method according to an embodiment;
FIG. 5 is a flowchart of a training process using an
artificial neural network calculation method accord-
ing to an embodiment;

FIG. 6 illustrates an example of a result of parameter
quantization using hysteresis according to an embo-
diment; and

FIG. 7 is aflowchart of an inference process using an
artificial neural network calculation method accord-
ing to an embodiment.

DETAILED DESCRIPTION OF THE EMBODIMENTS

[0020] Hereinafter, the present disclosure will be de-
scribed in more detail with reference to the drawings. The
presentdisclosure may be implemented in many different
forms and is not limited to the embodiments described
herein. In the following embodiments, parts not directly
related to the description are omitted to clearly describe
the present disclosure, but this does not mean that such
omitted elements are unnecessary when implementing a
device or system to which the idea of the present dis-
closure is applied. In addition, the same reference nu-
merals are used for identical or similar components
throughout the specification.

[0021] In the following description, terms, such as first
and second, may be used to describe various compo-
nents, but the components should not be limited by the
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terms, and the terms are used only for the purpose of
distinguishing one component from other components. In
addition, in the following description, singular expres-
sions include plural expressions, unless the context
clearly indicates otherwise.

[0022] In the following description, it should be under-
stood that terms, such as "comprise", "include", and
"have", are intended to designate the presence of fea-
tures, numbers, steps, operations, configuration ele-
ments, components, or combinations thereof described
in the specification and do not exclude in advance the
presence or addition of one or more other features,
numbers, steps, operations, configuration elements,
components, or combinations thereof.

[0023] The present disclosure will be described in de-
tail below with reference to the drawings.

[0024] FIG. 1 illustrates an example of parameter
quantization using round to nearest.

[0025] In FIG. 1, when a parameter of an artificial
neural network is referred to as W and a quantization
result is referred to as QW, the quantization result QW is
immediately shaken regardless of whether the parameter
W changes slightly or greatly. This means that a change
amount AW of the parameter W is regardless of a change
AQW of the quantization result QW, and accordingly,
training is unstable, resulting in training failure or signifi-
cant performance degradation in low-precision para-
meters.

[0026] FIG. 2 is a diagram illustrating quantization
using hysteresis in artificial neural network calculation
according to an embodiment.

[0027] The artificial neural network calculation based
on parameter quantization, according to an embodiment,
uses hysteresis. The hysteresis indicates a phenomenon
in which the current state of a given system is dependent
on the history of a change in the past state of the given
system. In an embodiment, the parameter quantization
using hysteresis means determining a current value (for
example, an original precision value O_Pi+1 and a quan-
tized value Q_Pi+1) of a parameter of an artificial neural
network depending on a course of a past value (for
example, an original precision value O_Pi and a quan-
tized value Q_Pi) of the corresponding parameter.
[0028] The artificial neural network calculation based
on parameter quantization according to an embodiment
inputs the original precision value (O_Pi) of a parameter
of the i-th training cycle and the quantized value Q_Pi
associated with the original precision value O_Pi and
outputs a gradient P_Wi+1, the original precision value
O_Pi+1, and the quantized value Q_Pi+1 associated with
the original precision value O_Pi+1 of the corresponding
parameter in the i+1-th training cycle.

[0029] Here, the quantized values Q_Pi and Q_Pi+1
are low-precision values, and the original precision va-
lues O_Pi and O_Pi+1 are high-precision values with
higher precision than the quantized values.

[0030] Low-precision means, forexample, INT4, INTS,
FP130 (a logarithmic format), FP134, FP143, FP152,



5 EP 4 462 311 A1 6

and so on. Here, in FP1xy, x means the number of
exponent bits in a floating point format, and y means
the number of mantissa bits in the floating point format.
[0031] High-precision means, for example, a single
precision floating point (FP32), a double precision float-
ing point (FP64), a half precision floating point (FP16), a
brain floating point (bfloat16), and so on.

[0032] In addition, the artificial neural network may
include artificial neural networks of various structures,
such as multi-layer perceptron (MLP), a convolutional
neural network (CNN), arecurrent neural network (RNN),
and long short term memory (LSTM), an auto encoder, a
generative adversarial network (GAN), and a graph neur-
al network (GNN), but is not limited thereto, and an
artificial neural network calculation device 100 based
on parameter quantization according to the embodiment
is not limited to a specific artificial neural network and is
applicable to artificial neural network calculations of var-
ious structures.

[0033] A quantization technique, to which a hysteresis
effect proposed by the present disclosure is applied, may
change a quantization result in proportion to the amount
of change in parameter. Accordingly, the artificial neural
network calculation based on parameter quantization
according to the embodiment significantly reduces the
number of changes in quantization result value and
shows stable training and high performance.

[0034] Inanexperimenton the artificial neural network
calculation based on the parameter quantization accord-
ing to the embodiment, for example, low-precision artifi-
cial neural network training using an integer format and a
logarithmic format was made, and the effect described
above was confirmed.

[0035] FIG. 3 is a block diagram of an artificial neural
network calculation device according to an embodiment.
[0036] The artificial neural network calculation device
100 according to the embodimentincludes a memory 120
and a processor 110 that store at least one instruction.
The configuration is an example, and the artificial neural
network calculation device 100 may include some of the
configurations illustrated in FIG. 3 or may additionally
include configurations not illustrated in FIG. 3 but re-
quired for an operation of the artificial neural network
calculation device 100.

[0037] The processor 110 is a type of central proces-
sing unit and may control an operation of the artificial
neural network calculation device 100 by executing the at
least one instruction stored in the memory 120.

[0038] The processor 110 may include all types of
devices capable of processing data. The processor
110 may refer to, for example, a data processing device
built in hardware which includes a physically structured
circuit to perform a function represented by codes or
instructions included in a program.

[0039] The data processing device, which is built in
hardware, may include a microprocessor, central proces-
sing unit (CPU), a processor core, a multiprocessor, an
application-specific integrated circuit (ASIC), a field pro-
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grammable gate array (FPGA), or so on but is not limited
thereto. The processor 110 may include at least one
processor.

[0040] The processor 110 may perform an artificial
neural network calculation method according to an em-
bodiment based on a program and instructions stored in
the memory 120.

[0041] In addition to an artificial neural network, the
memory 120 may store input data, intermediate data and
calculation results generated during a parameter quanti-
zation process and artificial neural network calculation
process.

[0042] The memory 120 may include an internal mem-
ory and/or an external memory, for example, a volatile
memory such as dynamic random access memory
(DRAM), static RAM (SRAM), or synchronous DRAM
(SDRAM), a non-volatile memory such as one time pro-
grammable read only memory (OTPROM), programma-
ble ROM (PROM), erasable PROM (EPROM), electri-
cally EPROM EEPROM), mask ROM, flash ROM, NAND
flash memory, or NOR flash memory, a flash drive such as
a solid state drive (SSD), a compact flash (CF) card, a
secure digital (SD) card, a micro-SD card, a mini-SD
card, an extreme digital (xD) card, or a memory stick,
or a storage device such as a hard disk drive (HDD). The
memory 120 may include magnetic storage media or
flash storage media but is not limited thereto.

[0043] The artificial neural network calculation device
100 based on parameter quantization according to an
embodiment may include the memory 120 and the pro-
cessor 110 that stores at least one instruction, and when
the at least one instruction stored in the memory 120 is
executed by the processor 110, the at least one instruc-
tion causes the processor 110 to perform a first operation
of determining a parameter gradient of a parameter
based on a first quantization parameter value of the
parameter of the artificial neural network, a second op-
eration of determining a second original parameter value
ofthe parameter based on afirst original parameter value
associated with the parameter gradient and the first
quantization parameter value determined in the first op-
eration, and a third operation of determining a second
quantization parameter value associated with the second
original parameter value based on a result of comparing
the first quantization parameter value with the second
original parameter value.

[0044] Inoneexample, the firstquantization parameter
value and the second quantization parameter value may
be low-precision values, and the first original parameter
value and the second original parameter value may be
high-precision values.

[0045] Inone example, the third operation may include
an operation of determining a value obtained by rounding
down the second original parameter as the second quan-
tization parameter value when the second original para-
meter value is greater than the first quantization para-
meter value, and an operation of determining a value
obtained by rounding up the second original parameter
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as the second quantization parameter value when the
second original parameter value is less than or equal to
the first quantization parameter value.

[0046] In one example, when at least one instruction
stored in the memory 120 is executed by the processor
110, the atleast one instruction causes the processor 110
to perform the first operation, second operation, and third
operation described above for at least one parameter
associated with atleast one connection on a forward path
or reverse path of the artificial neural network.

[0047] In one example, when at least one instruction
stored in the memory 120 is executed by the processor
110, the atleast one instruction causes the processor 110
to perform the first operation, second operation, and third
operation for at least one parameter associated with the
connection of at least some of at least one layer of the
artificial neural network.

[0048] Here, the at least one connection refers to at
least one of a synaptic weight, a filter weight, and a
connection weight of the artificial neural network.
[0049] In one example, when at least one instruction
stored in the memory 120 is executed by the processor
110, the atleast one instruction causes the processor 110
to calculate an output value of the artificial neural network
oninputdata by using the second quantization parameter
value.

[0050] Hereinafter, a process of the artificial neural
network calculation method performed by the artificial
neural network calculation device 100 according to the
embodiment is described in detail.

[0051] FIG. 4 is a flowchart of an artificial neural net-
work calculation method according to an embodiment.
[0052] The artificial neural network calculation method
based on parameter quantization according to the em-
bodiment may be performed by the artificial neural net-
work calculation device 100 including the processor 110.
[0053] The parameter quantization according to the
embodiment quantizes parameters. For example, the
artificial neural network calculation method according
to the embodiment quantizes at least some parameters
of the artificial neural network. For example, the artificial
neural network calculation method according to the em-
bodiment quantizes all parameters of the artificial neural
network.

[0054] Here, the parameters include weights of the
artificial neural network. For example, the parameters
include a synaptic weight, a filter weight, and a connec-
tion weight of the artificial neural network.

[0055] The artificial neural network calculation method
based on parameter quantization according to the em-
bodiment includes a first step S1 of determining a para-
meter gradient of a parameter based on a first quantiza-
tion parameter value of the parameter of the artificial
neural network, a second step S2 of determining a sec-
ond original parameter value of the parameterbased on a
first original parameter value associated with the para-
meter gradient and the first quantization parameter va-
lue, and a third step S3 of determining a second quanti-
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zation parameter value associated with the second ori-
ginal parameter value based on a result of comparing the
first quantization parameter value with the second origi-
nal parameter value.

[0056] In the first step (S1), the processor 110 may
determine the parameter gradient of a parameter based
on thefirst quantization parameter value of the parameter
of the artificial neural network.

[0057] The memory 120 may store the first quantiza-
tion parameter value of the parameter. In the first step S1,
the processor 110 may determine the parameter gradient
of the parameter based on the previously stored first
quantization parameter value of the parameter.

[0058] For example, the first quantization parameter
value is a low-precision value (for example, an 8-bit
floating point value FP8), and in the first step S1, the
processor 110 processes determines the parameter gra-
dient through error backpropagation by using the first
quantization parameter of low precision on a set of input
data.

[0059] In the second step S2, the processor 110 may
determine the second original parameter value of the
parameter based on the first original parameter value
associated with the parameter gradient and the first
quantization parameter value determined in the first step
S1.

[0060] The memory 120 may store the first original
parameter value associated with the first quantization
parameter value. Here, the first original parameter value
and the second original parameter value associated with
the first quantization parameter value are high-precision
value (for example, a 32-bit floating point value FP32).
[0061] In the third step S3, the processor 110 may
determine the second quantization parameter value as-
sociated with the second original parameter value based
on a result of comparing the first quantization parameter
value with the second original parameter value deter-
mined in the second step S2. Here, the second quantiza-
tion parameter is a low-precision value (for example, an
8-bit floating point value FP8). This will be described in
more detail with reference to FIG. 5.

[0062] The artificial neural network calculation method
according to the embodiment may further include a step
of repeating multiple times the first step S1, the second
step S2, and the third step S3 by using the processor 110.
For example, the first step S1, the second step S2, and
the third step S3 may be performed on the firstinput data,
and the first step S1, the second step S2, and the third
step S3 may be performed on the second input data. For
example, the second quantization data determined in the
third step S3 on the first input data is set as the first
quantization data in the first step S1 on the second input
data. For example, the second original data determined
in the second step S2 on the first input data is set as the
first original data used in the second step S2 on the
second input data.

[0063] FIG. 5 is aflowchart of a training process using
an artificial neural network calculation method according
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to an embodiment.

[0064] The artificial neural network calculation method
according to the embodiment may include step LO to step
L10 illustrated in FIG. 5. Referring to FIG. 4, step L2
corresponds to the first step S1, step L3 corresponds to
the second step S2, and step L4 to step L7 correspond to
the third step S3.

[0065] The artificial neural network calculation method
based on parameter quantization according to an embo-
diment may include step L1 of dividing training data into a
plurality of pieces of mini-batch data by using the pro-
cessor 110, and a step of performing, on each of the
plurality of pieces of mini-batch data, the first step S1 (that
is, step L2), the second step S2 (that s, step L3), and the
third step S3 (thatis, step L4 to step L7)illustrated in FIG.
4.

[0066] In step LO, the processor 110 starts performing
an artificial neural network training process by using the
artificial neural network calculation method according to
the embodiment.

[0067] Instep L1, the processor 110 divides the entire
training data into the plurality of pieces of mini-batch data.
[0068] InstepL2,the processor 110 calculates a para-
meter gradient of a parameter by using the first quantiza-
tion parameter value (for example, a low-precision para-
meter value) of the parameter on one piece of mini-batch
data.

[0069] In step L3, the processor 110 updates the sec-
ond original parameter value (for example, a high-preci-
sion parameter value) of the parameter by using the
parameter gradient calculated in step L2.

[0070] In step L4, the processor 110 compares the
second original parameter value (for example, a high-
precision parameter value) of the parameter updated in
step L3 with the first quantization parameter value (for
example, a low-precision parameter value) of the para-
meter.

[0071] When the second original parameter value is
greater than the first quantization parameter value in step
L5, the processor 110 determines a value obtained by
rounding down the second original parameter value as
the second quantization parameter value in step L7.
[0072] When the second original parameter value is
less than or equal to the first quantization parameter
value in step L6, the processor 110 determines a value
obtained by rounding up the second original parameter
value as the second quantization parameter value in step
L7.

[0073] According to the embodiment, by applying hys-
teresis in the quantization process, variability may be
reduced, and each parameter may be trained more sta-
bly. This may be represented by Equation 1 below asso-
ciated with step L4 to step L7.
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[Equation 1]

0 :{lWJ.ifW>QW'
w [W],if W< Qy

[0074] Here, QW is the second quantization para-
meter, W is the second original parameter, and QW' is
the first quantization parameter.

[0075] That is, in order to quantize a high-precision
parameter W to a low-precision parameter QW, when the
high-precision parameter W is less than the previous
quantization value QW, rounding up is made, and when
the high-precision parameter W is greater than the pre-
vious quantization value QW, rounding down is made.
[0076] Instep L8, the processor 110 repeats step L2 to
step L7 until training is performed (that is, step L2 to step
L7 are performed) on all mini-batches divided in step L1.
[0077] Step L1 to step L8 are repeated until training is
performed (that is, step L1 to step L8 are performed) by
the epoch determined in step L9.

[0078] Training ends in step L10.

[0079] In one example, the plurality of pieces of mini-
batch data includes the first mini-batch data and the
second mini-batch data following the first mini-batch data
in step L1 and the third step S3 illustrated in FIG. 4 may
further include a step of setting the second quantization
parameter obtained by performing the first step S1, the
second step S2, and the third step S3 on the first mini-
batch data as the first quantization parameter on the
second mini-batch data.

[0080] In one example, the plurality of pieces of mini-
batch data includes the first mini-batch data and the
second mini-batch data following the first mini-batch data
in step L1, and the third step S3 illustrated in FIG. 4 may
further include a step of setting the second original para-
meter value obtained by performing the first step S1 and
the second step S2 on the first mini-batch data as the first
original parameter value on the second mini-batch data.
[0081] FIG. 6 illustrates an example of a result of
parameter quantization using hysteresis according to
an embodiment.

[0082] Unlike FIG. 1, the quantization result QW illu-
strated in FIG. 6 shakes slowly when the parameter W
changes small, and shakes quickly when the parameter
W changes greatly.

[0083] Therethrough, a change amount AW of the
parameter W is proportional to a change amount AQW
of a quantization result QW, and the parameter W sig-
nificantly affecting loss changes greatly through a chain
rule in training using error backpropagation, and thus, a
training purpose may be achieved by using an artificial
neural network.

[0084] FIG. 7 is a flowchart of an inference process
using the artificial neural network calculation method
according to the embodiment.

[0085] The inference process using the artificial neural
network calculation method according to the embodi-
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ment includes step 10 to step 13.

[0086] InsteplO,theinference processis started by the
processor 110.

[0087] Instep 11, input data to be used for inference is
obtained by the processor 110.

[0088] Forexample, the artificial neural network calcu-
lation device 100 may receive input data which is pre-
viously stored in the memory 120 or from an external
device through a communication interface of the artificial
neural network calculation device 100. For example, a
user may provide the input data to the artificial neural
network calculation device 100 through the input inter-
face of the artificial neural network calculation device
100. Here, the input interface may include various mul-
ti-modal interface devices capable of receiving text, voice
data, and/or video data.

[0089] In step 12, the processor 110 may calculate an
output value of the artificial neural network by using the
second quantization parameter value on the input data
obtained in step 11. Here, the second quantization para-
meter value is a low-precision parameter value of the
parameter determined by an artificial neural network
training process.

[0090] In step I3, the inference process for the input
data is ended by the processor 110. For example, the
output value calculated in step 12 is output through an
outputinterface of the artificial neural network calculating
device 100 in step 3. For example, in step 13, the output
value is stored in the memory 120 as intermediate data or
final data. For example, in step I3, the output value is
transmitted to an external device through a communica-
tion unit of the artificial neural network calculation device
100.

[0091] The artificial neural network calculation method
and device according to the embodiment are applicable
when low-precision training on all neural network struc-
tures and tasks is performed.

[0092] According to an embodiment, a new parameter
quantization method is provided which hardly reduces
performance compared to full-precision in the parameter
quantization process of an artificial neural network.
[0093] The artificial neural network calculation method
according to the embodiment may be applied to the
development of a high-performance quantization model
suitable for various tasks and the design of a low-power
deep learning processor.

[0094] In addition, in the quantization process accord-
ing to the embodiment, convolution, a fully-connected
layer, long short-term memory (LSTM), and a transformer
structure were verified in image classification, object
detection, and translation tasks, and an experimental
result showed significant performance improvement
compared to quantization by round to nearest in most
cases.

[0095] The artificial neural network calculation method
and device according to the embodiment maintains a
structure of the known artificial neural network and
changes only a parameter update method, and because
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the only additional operations required are size compar-
ison and rounding up and down, and thus, he artificial
neural network calculation method may be directly ap-
plied to the artificial neural network calculation device
100 (for example, a mobile device, an Internet of things
(IoT) device, a neural network processing unit (NPU), or
so on) that supports training by using an artificial neural
network.

[0096] Also, according to the embodiment, high per-
formance may be obtained even with low parameter
precision, and thus, the artificial neural network calcula-
tion method and device according to the embodiment
may be used to provide services using the artificial neural
network and practicality is improved.

[0097] Furthermore, the artificial neural network calcu-
lation technology according to the embodiment has an
advantage of being applicable regardless of a structure
or task of the artificial neural network.

[0098] The method accordingtothe embodimentofthe
present disclosure described above may be implemen-
ted as computer-readable codes on a program-recorded
medium. Non-transitory computer-readable recording
media include all types of recording devices storing data
that may be read by a computer system. The computer-
readable non-transitory recording media include, for ex-
ample, ahard disk drive (HDD), a solid state disk (SSD), a
silicon disk drive (SDD), ROM, RAM, compact disk-ROM
(CD-ROM), a magnetic tape, a floppy disk, an optical data
storage device, and so on.

[0099] The description of the embodiments according
to the present disclosure described above is for illustra-
tive purposes, and those skilled in the art to which the
present disclosure pertains may understand that the
present disclosure may be easily transformed into an-
other specific form without changing the technical idea or
essential features of the present disclosure. Therefore,
the embodiments described above should be understood
in all respects as illustrative and not restrictive. For ex-
ample, each component described as single may be
implemented in a distributed manner, and similarly, com-
ponents described as distributed may also be implemen-
ted in a combined form.

[0100] The scope of the present disclosure is indicated
by the claims described below rather than the detailed
description above, and all changes or modified forms
derived from the meaning and scope of the claims and
their equivalent concepts should be construed as being
included in the scope of the present disclosure.

[0101] The presentdisclosure is derived from research
conducted as part of the basic research project/new
research support project in the field of science and en-
gineering (Project number: 1711156062 and Project
name: Development of a high-performance and low-pre-
cision learning processor capable of deep learning of an
artificial neural network with high accuracy) supported by
the Ministry of Science and ICT.



13 EP 4 462 311 A1 14

Claims

An artificial neural network calculation method based
on parameter quantization which is performed by an
artificial neural network calculation device including
a processor, the artificial neural network calculation
method comprising:

a first step of determining a parameter gradient
of a parameter based on a first quantization
parameter value of the parameter of the artificial
neural network;

a second step of determining a second original
parameter value of the parameter based on a
first original parameter value associated with the
parameter gradient and the first quantization
parameter value; and

athird step of determining a second quantization
parameter value associated with the second
original parameter value based on a result of
comparing the first quantization parameter va-
lue with the second original parameter value.

The artificial neural network calculation method of
claim 1, wherein

the first quantization parameter value and the sec-
ond quantization parameter value are low-precision
values, and the first original parameter value and the
second original parameter value are high-precision
values.

The artificial neural network calculation method of
claim 1, wherein

the parameter includes a weight of the artificial neur-
al network.

The artificial neural network calculation method of
claim 1, further comprising:

dividing training data into a plurality of pieces of
mini-batch data; and

performing the first step, the second step, and
the third step for each of the plurality of pieces of
mini-batch data.

The artificial neural network calculation method of
claim 4, wherein

the plurality of pieces of mini-batch dataincludes
first mini-batch data and second mini-batch data
following the first mini-batch data, and

the third step further includes setting a second
quantization parameter obtained by performing
the first step, the second step, and the third step
for the first mini-batch data as afirst quantization
parameter for the second mini-batch data.

6. The artificial neural network calculation method of
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claim 4, wherein

the plurality of pieces of mini-batch dataincludes
first mini-batch data and second mini-batch data
following the first mini-batch data, and

the third step further includes setting a second
original parameter value obtained by performing
the first step and the second step for the first
mini-batch data as a first original parameter
value for the second mini-batch data.

The artificial neural network calculation method of
claim 1, wherein

the third step includes determining a value obtained
by rounding down the second original parameter
value as the second quantization parameter value
when the second original parameter value is greater
than the first quantization parameter value, and de-
termining a value obtained by rounding up the sec-
ond original parameter value as the second quanti-
zation parameter value when the second original
parameter value is less than or equal to the first
quantization parameter value.

The artificial neural network calculation method of
claim 1, further comprising:

calculating an output value of the artificial neural
network by using the second quantization parameter
value for input data.

An artificial neural network calculation device based
on parameter quantization, the artificial neural net-
work calculation device comprising:

a memory storing at least one instruction; and
a processor,

wherein, when the at least one instruction is
executed by the processor, the at least one
instruction causes the processor to perform a
first operation of determining a parameter gra-
dient of a parameter based on a first quantiza-
tion parameter value of the parameter of the
artificial neural network, a second operation of
determining a second original parameter value
of the parameter based on a first original para-
meter value associated with the parameter gra-
dient and the first quantization parameter value;
and a third operation of determining a second
quantization parameter value associated with
the second original parameter value based on
a result of comparing the first quantization para-
meter value with the second original parameter
value.

10. The artificial neural network calculation device of

claim 9, wherein
the first quantization parameter value and the sec-
ond quantization parameter value are low-precision
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values, and the first original parameter value and the
second original parameter value are high-precision
values.

The artificial neural network calculation device of
claim 9, wherein

the third operation includes an operation of deter-
mining a value obtained by rounding down the sec-
ond original parameter as the second quantization
parameter value when the second original para-
meter value is greater than the first quantization
parameter value, and determining a value obtained
by rounding up the second original parameter as the
second quantization parameter value when the sec-
ond original parameter value is less than or equal to
the first quantization parameter value.

The artificial neural network calculation device of
claim 9, wherein

when the at least one instruction is executed by the
processor, the at least one instruction causes the
processor to perform the first operation, the second
operation, and the third operation on at least one
parameter associated with at least one connection
on a forward path of the artificial neural network.

The artificial neural network calculation device of
claim 9, wherein

when the at least one instruction is executed by the
processor, the at least one instruction causes the
processor to perform the first operation, the second
operation, and the third operation on at least one
parameter associated with a connection of at least
some of at least one layer of the artificial neural
network.

The artificial neural network calculation device of
claim 9, wherein

when the at least one instruction is executed by the
processor, the at least one instruction causes the
processor to calculate an output value of the artificial
neural network by using the second quantization
parameter value for input data.

A computer-readable non-transitory recording med-
ium storing at least one instruction and configured to
perform, by an artificial neural network calculation
device including a processor, the artificial neural
network calculation method according to any one
of claims 1 to 8.
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FIG. 4

determine parameter gradient of parameter based
on first quantization parameter value of parameter

~— 51

h

determine second original parameter value based
on first original parameter value associated with
parameter gradient and first quantization parameter

~— 2

h

determine second quantization parameter value associated
with second original parameter value based on result
of comparing first quantization parameter value
with second original parameter value

—~ 53

1"



EP 4 462 311 A1

FIG. 5
L0
Start
L1
Divide training data into mini-batch units
1 L2

Calculate parameter gradient by using low-precision

parameter for one piece of mini-hatch data

{ 13
Update high-precision parameter
by using parameter gradient

Is updated high-precision

3 L6

Round up when quantization

parameter value greater than low-precision No
parameter value?
L5
Round down when quantization
{ L7
Obtain new low-precision parameter

L8
Is training performed on all mini-batches? NG
No

12




EP 4 462 311 A1

FIG. 6
Qw Qw  Small Aw Large Aw
decreasing
path - A A A
3
2 - .
increasing
path -—-
i
w

0 1 2 3 W
FIG. 7

\
Obtain input data to be used for inference |——— I

Y
Calculate output value for input data
by using low-precision parameter

———— |2

End 13

13



10

15

20

25

30

35

40

45

50

55

EP 4 462 311 A1

INTERNATIONAL SEARCH REPORT

International application No.

PCT/KR2022/010829

A. CLASSIFICATION OF SUBJECT MATTER
GO6N 3/08(2006.01)i; GO6N 3/04(2006.01)i; GO6N 5/04(2006.01)i

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GO6N 3/08(2006.01); GO6N 20/00(2019.01); GOGN 3/06(2006.01)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Korean utility models and applications for utility models: IPC as above
Japanese utility models and applications for utility models: IPC as above

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

eKOMPASS (KIPO internal) & keywords: %13 21 7 ®(artificial neural network), %A} 2}(quantization), 3} 2} 7] H (parameter
), 71871 (gradient), ©] & & “d(hysteresis)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

JIN, Kenya et al. A Hysteresis Quantizer. Electronics and Communications in Japan. Part 3, Vol. 83, No.
4, April 2000.

A See pages 1-6. 1-15

US 2018-0211166 Al (PREFERRED NETWORKS, INC.) 26 July 2018 (2018-07-26)
A See paragraphs [0018]-[0029]; and figures 1-2. 1-15

YOUSEFZADEH, Amirreza et al. Conversion of Synchronous Artificial Neural Network to Asynchronous
Spiking Neural Network using sigma-delta quantization. 2019 IEEE International Conference on Artificial
Intelligence Circuits and Systems (AICAS). pp. 81-85, 20 March 2019.

A See pages 81-84. 1-15
KR 10-2018-0043154 A (SAMSUNG ELECTRONICS CO., LTD.) 27 April 2018 (2018-04-27)

A See claims 1-12. 1-15
US 2020-0394522 A1 (SHANGHAI CAMBRICON INFORMATION TECHNOLOGY CO.,LTD.) 17
December 2020 (2020-12-17)

A See claims 1-18. 1-15

D Further documents are listed in the continuation of Box C.

See patent family annex.

*  Special categories of cited documents:

«A” document defining the general state of the art which is not considered
to be of particular relevance

“D”  document cited by the applicant in the international application

«“g” earlier application or patent but published on or after the international
filing date

«L” document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

«“0" document referring to an oral disclosure, use, exhibition or other
means

«p” document published prior to the international filing date but later than
the priority date claimed

1 later document published after the international filing date or priority
date and not in conflict with the application but cited to understand the
principle or theory underlying the invention

«X” document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive step
when the document is taken alone

«y” document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

“&” document member of the same patent family

Date of the actual completion of the international search

22 December 2022

Date of mailing of the international search report

22 December 2022

Name and mailing address of the ISA/KR

Korean Intellectual Property Office
Government Complex-Daejeon Building 4, 189 Cheongsa-
ro, Seo-gu, Daejeon 35208

Facsimile No. +82-42-481-8578

Authorized officer

Telephone No.

Form PCT/ISA/210 (second sheet) (July 2022)

14




10

15

20

25

30

35

40

45

50

55

EP 4 462 311 A1

INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No.

PCT/KR2022/010829
A Patfent document Publication date Patent family member(s) Publication date
cited in search report (day/month/year) (day/month/year)
us 2018-0211166 Al 26 July 2018 JP 2018-120441 A 02 August 2018
JP 6227813 Bl 08 November 2017
KR 10-2018-0043154 A 27 April 2018 CN 107967515 A 27 April 2018
KR 10-2382125 Bl 01 April 2022
™ 201816669 A 01 May 2018
™ 1767922 B 21 June 2022
Us 11321609 B2 03 May 2022
Us 2018-0107925 Al 19 April 2018
us 2020-0394522 Al 17 December 2020 uUs 2020-0394523 Al 17 December 2020

Form PCT/ISA/210 (patent family annex) (July 2022)

15




	bibliography
	abstract
	description
	claims
	drawings
	search report

